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Laser speckle contrast imaging (LSCI) can be applied to non-invasive blood perfusion measurement with high
resolution and fast speed. However, it is lack of measurement accuracy. The aim of this study is to enable quanti-
tative measurement of LSCI by using Artificial Intelligence (AI), and this is achieved by using a set of experimental
data obtained from a rotating diffuser (a tissue phantom mimicking blood flow under skins) within simulated
flow velocity of 0.08-10.74 mm/s. These data were used to train a three-dimensional convolutional neural net-
work (3D-CNN) to establish a LSCI velocities prediction model (CNN-LSCI) with behavioral feature learning.
The trained model has 0.33 MSE (mean squared error) and 0.34 MAPE (mean absolute percentage error) and
is verified by ten phantom velocities (0.2-4 mm/s, step is 0.445 mm/s) covering the typical blood flow velocity
range of human body (0-2 mm/s) with the correlation of 0.98. The better performance of the proposed model
is demonstrated by the results compared to traditional LSCI and multi-exposure laser speckle contrast imaging
(MELSCI). This study shows the potential of LSCI to achieve quantitative blood perfusion measurement using

machine learning.

1. Introduction

Blood perfusion of microcirculation on body surface is a significant
indicator. It is widely used in various fields such as the microcircula-
tory imaging during surgery [1,2], the functional imaging of human
retina [3,4], the prevention of diabetic foot ulcer [5,6], the assessment
of wound healing [7,8], the animal model evaluation [9,10] and the
biological experiment [11] etc. Laser speckle contrast blood flow imag-
ing (LSCI) featured by noninvasive measurement, fast imaging speed
and system simplicity is well developed and prevalently used to detect
the flow perfusion in both clinic and research. It is based on the dy-
namic light scattering principle to setup different approximate models
under certain assumptions, calculating the autocorrelation function of
scattered light which is related to the blood flow velocity. However, be-
cause of the existence of static scatterers, mismatched speckle size, nar-
row range of exposure times LSCI is lack of quantitative measurement,
restricting its clinical application. Consequently, it is of great interests
in making it be capable to measure blood flow quantitatively.

Over the last few decades, improvements have mainly been achieved
by either developing more robust LSCI calculation models [12-17] or
applying multiple exposure times [18-20]. The improved LSCI models
take account the effects of static scattering [12,13], mismatched speckle
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size [14,15], noise caused by non-ergodic light [16,17]. However, mea-
surement accuracy is still affected by the uncertainties introduced by the
assumptions when setting up the speckle model, nonpredictable com-
plex light transmission path and imaging system noise. The multiple-
exposure laser speckle contrast imaging (MELSCI) alternatively obtains
the blood perfusion by fitting a series of contrast at different exposure
times. As a result, linearity has been enhanced by eliminating the depen-
dence of exposure time. While the process of fitting calculation requires
longer time [18], resulting in lower temporal resolution. In addition,
MELSCI is hard to perform real-time blood flow imaging because the fit-
ting process is typically operated offline. Consequently, the mainstream
commercial LSCI instruments are still developed based on the single ex-
posure model.

In recent years, Artificial Intelligence (AI) has been introduced to im-
prove LSCI measurement. K-means clustering [21], as a typical machine
learning method, is applied to the calculation of LSCI contrast for deter-
mining the localization of blood vessels. It helps with locating blood ves-
sels, but it is only applicable when the blood vessels and tissue regions
are well separated from each other. Cheng et al. applied a feed-forward
denoising convolutional neural network (DnCNN) to LSCI [22]. In op-
eration, the training was carried out in the log-transformed domain. As
a result, the inhomogeneous noise distribution is effectively removed.
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The superior performance of using DnCNN has been demonstrated by
5.13 dB improvement of the peak signal-to-noise ratio (PSNR). Stebakov
et al. trained a feed-forward ANN to predict the flow rate in glass capil-
laries (0-2 mm/s) by classification recognition [23]. Although improve-
ment of prediction accuracy has been demonstrated, the classification
only covered a few discrete flow rates. Kornaeva et al. combined LSCI
with deep learning to propose a method for measuring viscosity of non-
Newtonian fluids [24]. A Resnet18 network model was trained using
LSCI images of inertial flow in a torus-shaped capillary. This model could
predict the shear rate on the inner surface of the capillary and the flow
rate from speckle images of experimental fluids. A modified mathemat-
ical model was used to calculate the viscosity of non-Newtonian fluids.
This work demonstrated the outstanding performance of applying deep
learning to LSCI as the relative error is less than 2% for the tested non-
Newtonian fluid and less than 0.5% for the tested Newtonian fluid. This
makes it possible to use the viscometer as a testing device in medicine
fluid, especially the rheology of blood. Fredrekson et al. demonstrated
that multi-exposure LSCI can perform LDI-like measurement by utilizing
machine learning [25]. In that study, an ANN model was trained with
Monte Carlo simulated data. The results showed high accuracy with cor-
relation coefficient R = 1.000 for noise-free data and R = 0.993 for noisy
data. This ANN model was also evaluated in post congestion experiment
with high accuracy of R = 0.995. This study demonstrates the feasibility
of using ANN to calibrate LSCI to LDI and illustrates the great flexibility
of machine learning applied to LSCI. However, as the LDI data is system
dependent, the accuracy of the ANN model will vary with the front-
end bandwidth, system noise and optical settings. The above researches
demonstrate the high potential of utilizing machine learning in LSCIL
This is because the ‘black box’ eliminates the influence of uncertain fac-
tors in comparison to the traditional speckle-based methodologies.

In this paper, a velocity prediction model is established by using
machine learning. A state-of-art deep learning architecture, 3D-CNN
(Three-Dimensional Convolutional Neural Network), is adopted to set
up the model mapping LSCI speckle images to flow velocity distribu-
tions. To achieve quantitative measurement, a set of well-controlled ex-
perimental data was generated by mimicking RBCs (Red Blood Cells)
flowing under superficial tissues with known velocity distributions. This
method is evaluated by comparing with traditional LSCI and MELSCI
with same data.

This paper is organized as below. Following the introduction in
Section 1, the used experimental data and the basic theory of spatio-
temporal speckle is elaborated in Section 2. Section 3 details the setup
of the 3D-CNN model in terms of structures, training process and eval-
uations. In Section 4, the results are displayed and compared to both
traditional LSCI and MELSCI. This paper is ended with the conclusion
and discussion presented in Section 5.

2. Material and methods
2.1. The database

In this paper, the model is constructed by using the experimental
data of rotating scattering plate (the phantom). The schematic diagram
of the rotating scattering plate is shown in Fig. 1, which is composed of
a servo motor, a uniform diffuse reflection plate and a frosted glass re-
flector. During the experiment, the motor drives the animation reflector
to rotate behind the ground glass at a certain angular speed, simulating
the flow of red blood cells in human tissue under the epidermis.

The experimental setup is shown in Fig. 2. A green laser beam
(OXXIUS S.A. 532 S-50-COL-PP, 532 nm, 50 mW) is expanded to a di-
ameter of 18 mm by a diffuser (BE20, Thorlabs) and reflected onto the
static diffuser with a diameter of 20 mm. The white cardboard disc (di-
ameter 30 nm) rotates at a controlled velocity. The lens (Sechneider,
f=12mm) is placed 72 mm away from the diffuser and forms an image
on the CMOS sensor with a magnification of 0.2. In addition, the f num-
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Fig. 1. Schematic diagram of rotating scattering plate phantom [26].
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Fig. 2. Experiment setup of rotating scattering plate phantom [26].

ber of the lens’ aperture is adjusted to 13 to set the speckle diameter
twice the pixel width [26].

The LSCI system used in this experiment consists of imaging unit,
memory unit and processing unit. The imaging unit uses a megapixel
CMOS image sensor (MT9M413) with controllable region of interest
(ROI). It contains 1280 x 1024 integrating pixels, 1280 column-parallel
10-bit ADCs and ten 10-bit-wide digital output ports that provide fast
data transmission. The memory unit uses DDR3 SDRAM (double data
rate type three synchronous dynamic random-access memory) featured
by high bandwidth and huge capacity. Depending on the clock rate, it
can transfer data at a rate of 800-2133 MT/s (megatransfers per sec-
ond), which can satisfy the large-memory required for high-resolution
images and the bandwidth required for high frame rate. A FPGA plat-
form (Virtex 6 XC6VLXC240T) is adopted to interface to the FPGA. The
raw data was transformed and pre-processed in this FPGA platform.

In experiment, the imaging system is operated at fixed exposure time
of 10.4 ms. The motor controls diffuser rotating from 0.047 rad/s up to
0.952 rad/s with a fixed incremental step of 0.106 rad/s, as shown in
Table 1. 1024 frames were captured around every 10 s at each measure-
ment, equivalenting to ~100 FPS (frame per second). At each angular
velocity, 32 x 320 is intercepted as the size of each data, as shown in
Fig. 3(a). So, the size of the speckle dynamic map measured each time is
32 x 320 x 1024 (the image resolution is 32 x 320, with 1024 frames).

The advantage of using this experimental data is that it enables quan-
titative evaluations as all velocities are known and under control dur-
ing experiment. Besides, the speckle data obtained in the experiment
contains the instrument noise and optical noise which are crucial for
training the 3D-CNN model.
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Table 1
angular velocity.
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Number 1 2 3 4

5 6 7 8 9 10

Angular speed (rad/s)  0.047  0.105 0.210  0.317

0.424  0.530 0.636  0.741 0.848  0.952
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Fig. 3. Speckle data and process. LSCI dynamic map of phantom of rotating scattering plate is shown in (a), the selection of a fixed pixel for feature analysis is shown
in (b), radius selection method is shown in (c), the selection of test data is shown in (d).
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Fig. 4. Pixel value changes of two velocities at (16,100) point with 500 frames.

2.2. Analysis of spatio-temporal features

In the speckle dynamic map of LSCI, the pixel values of a single frame
speckle image contain rich spatial information, and the changing rule
of the pixel value at a fixed position with time is closely related to the
velocity. This means velocity prediction from speckle dynamic maps is
not only related to the spatial pixel value of a single frame, but also
related to the change of the pixel value at the fixed position between
frames. The larger the change of pixel value, the faster velocity, as show
in Fig. 4, the higher velocity has greater amplitude and frequency.

In the above data set, dynamic maps with speed of 0.18 mm/s and
3.63 mm/s, a random pixel (such as the pixel at 16 columns and 100

Row

(LD (1,2) (1) (I,n)

©LD{GEG2)] .. | Gy)) (1,n)

(m,1)|(m,2) (m,)) (m,n)

Columns

Fig. 5. pixel position distribution of speckle single frame image.

rows) is selected as fixed point, as shown in Fig. 3(b). The waveform of
the pixel value at this point changing with the frame (1-500 frames) is
shown in Fig. 4.

Fig. 5 is a single frame speckle image with m rows and n columns.
the pixel position is represented by two-dimensional coordinates (i, j),
where i and j represent the row number and column number of the pixel
position.

In time domain, for a fixed position pixel, the pixel value is a typical
one-dimensional sequence in the time series; In spatial domain, for any
number of frames f, the pixel value at (i, j) position is p(i, j) f, and the
pixel data of the whole pixel matrix can be described as matrix V' of
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The elements of this speckle 3D pixel value matrix contain rich
spatio-temporal feature information at a certain velocity v. The whole
spatio-temporal sequence can be regarded as multiple frame movement,
as shown in Fig. 6. Therefore, a spatio-temporal sequence consisting of
speckle dynamic map pixel values representing different velocities can
describe the velocity through the variation characteristics of array pixel
values. The sequence of pixel values composed of n velocity speckle dy-
namic maps is{V1, V2,..., Vn}.

The pixel value matrix of each speckle dynamic map is a com-
plete three-dimensional matrix. Therefore, in order to mine the spatio-
temporal feature of the above matrix sequence on the premise of en-
suring the integrity of spatio-temporal information, 3D-CNN is used as
a prediction method in this paper to extract the overall features and
organically complete the prediction.

3. The 3D-CNN model

Based on the above analysis, to ensure the integrity of speckle pixel
information, this paper uses the speckle 3D pixel value matrix as the
model input. At the same time, 3D-CNN is, for the first time, intro-
duced to flow velocity prediction for improving LSCI imaging accuracy.
In comparison to 2D-CNN, 3D-CNN adds time dimension information
[27], enabling to extract and identify features and correlation informa-
tion between consecutive frames. Therefore, the 3D convolution kernel
of the model can directly study the global features of the speckle pixel
value matrix.

The blood flow velocity prediction model based on this experimental
data is mainly composed of the following parts, as shown in the upper
part of Fig. 7. The prediction idea is divided into three parts: First, ac-
cording to the pixel values of the speckle dynamic maps which have
spatial characteristics of a single frame and the temporal characteristics
between multiple frames, the three-dimensional matrix of the speckle
pixel values is used as the input data; Second, the gradient images are ex-
tracted and dimensionally changed through the 3D-CNN network com-
posed of convolution, pooling and full connection, and the predicted

blood flow velocity represented by each speckle dynamic map is ob-
tained respectively; Finally, the predicted blood flow velocities of the
speckle dynamic maps is output.

Since the speckle 3D pixel value matrixes are spatio-temporal-
simultaneous, in order to better mine the relationship between the char-
acteristics of these pixel values and the velocity, this paper extracted the
primary and secondary gradients of the speckle 3D pixel value matrix,
obtained the gradient image, then analyzed and processes it through
the 3D-CNN network. The gradient direction is the fastest changing di-
rection of the function, and it is easier to find the maximum value of
the function along the gradient vector direction; On the contrary, along
the opposite direction of the gradient vector, the gradient decreases the
fastest, and it is easier to find the minimum value of the function, which
corresponds to finding the minimum value of the loss function in the
3D-CNN model to make the prediction result as close to the real result
as possible. Taking the x direction as an example, the gradient extraction
process is as follows:

f'(X)=}l§?)f(X+h)—f(x—h)/2h (¢))

Speckle 3D pixel value matrix is a three-dimensional image com-
posed of numerous discrete pixel values, that is, it needs to be discrete
according to pixels. Therefore, the minimum # in the central difference
function of Eq. (1) is 1 pixel.

The first and second derivatives of the image in the x direction are
shown in Egs. (2) and (3):

offox = f(x+1) - f(x) @
f/0x> = fx+ 1)+ f(x = 1,9) = 2f(x, ) 3)

In gradient extraction, the first-order and second-order derivatives
of a point in a certain direction are subtracted from the original image
to obtain the gradient image in the corresponding direction.

In CNN, the area covered by the convolution kernel named the recep-
tive field, which is also the size of the area mapped on the input picture
by the pixels on the feature map output from each layer of the net-
work. Therefore, there is a strong spatio-temporal correlation between
the pixel values located in the same receptive field. Starting from the
input layer, 3D-CNN uses 3D convolution kernel to extract the spatio-
temporal information in the pixel matrix, after summarizing the fea-
tures, it forms a new feature map and transmits it to the next layer for
further processing.

As shown in the lower left part of Fig. 7, assuming that the size of the
input speckle image is 10 x 10 x 10 (the length and width of each speckle
image are 10, which means 100 pixels included; the time dimension is
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Fig. 7. LSCI blood flow velocity prediction model.

10, means 10 frames), the convolution layer of 3D-CNN has 10 convo-
lution kernels, and the size of each convolution kernel is 5 x 5 x 5, then
the convolution will generate a feature map with the size of 6 X 6 X 6
(10-5 + 1), and the number is 10. In such a decreasing way, 3D-CNN
uses convolution kernel to obtain spatio-temporal feature information in
speckle pixel values. The convolution process is shown in Eq. (4) [28].

P—10;—1 R;—1
Xyz _ par pr(x+p)(y+q)(z+r)
Vi~ = f<bi/ DD Wik Uiz ) @

p=0 ¢=0 r=0

Where the left side of the equal sign represents the output value of
the i,, characteristic sequence of points (x, y, z) of the i, layer; f is the
activation function; b; ; is the additional deviation; k is the number of
characteristic maps of layer (i — 1); P,Q and R respectively represent
the spatial digits of the three-dimensional convolution kernel; Wi%' is
the convolution kernel weight of the k,, feature map of the previous
layer.

The middle part of Fig. 7 shows the process of 3D-CNN using 3D
convolution kernel to extract spatio-temporal features related to flow
velocity from speckle pixel matrix, that is, each network layer continues
to extract features based on the feature map output from the previous
layer, continuously capture feature information, and finally match the
corresponding flow velocity label after dimensionality reduction in the
full connection layer to complete velocity prediction.

3.1. CNN-LSCI setup

From the perspective of time series, the speckle dynamic map is
multi-frame motion, that is, the intensity changes of a single pixel
strongly depend on the velocity of the dynamic map. From the perspec-
tive of spatial sequence, each speckle image contains a lot of speckle
pixel value information. Therefore, the accuracy of speed prediction de-
pends on obtaining abundant time-series information. At the same time,
it is also necessary to make full use of the pixel value information of a
single frame and combine the two kinds of information for velocity pre-
diction. The procedures of setting up the 3D-CNN model are divided into
two steps:

Step 1: Preprocess the experimental data of the rotating scattering
plate used to simulate blood flow. Intercept the appropriate im-

age size and frame number, pack them as the input data, and use
the corresponding speed as the label, that is, the training target.

Step 2: A 3D-CNN model was trained by using the experimental data
of the rotating scattering plate phantom. The model was applied
to predict the corresponding velocities of the speckle dynamic
maps of 10 rotating scattering plates speckle images, and com-
pared with the results of the single exposure LSCI and MELSIC to
verify the accuracy of CNN-LSCI model.

3.2. Data preprocessing

In the training process, two factors need to be weighed when deter-
mining the input time series f, that is, the difficulty of model training
and the integrity of prediction information. Too small f will lead to in-
sufficient information contained in the time series to support the model
training. On the contrary, too large f will increase the difficulty of model
training and affect the model convergence and parameter optimization.
Therefore, this paper sets the time series with a length of 15 frames as
the most appropriate, and the square space size of 32 x 32 is more suit-
able for feature extraction of convolution kernel, that is, the rectangular
parallelepiped speckle image with a size of 32 x 32 x 15 is used as the
model input.

In order to obtain the appropriate data volume, the radius is selected
by sliding window to enhance the data. A 32 x 32 square sliding win-
dow is used to slide from the 32nd pixel to the 320th pixel from top
to bottom to change the radius size in 32 steps, as show in Fig. 3(c).
This method can obtain 9 radii, 1024 frames of data are collected for
each radius, and 10 angular velocities are set in total. Therefore, 92,160
(9 x 1024 x 10) data can be obtained for training. The radius length
represented by each pixel is 0.037 mm, and the number of pixels cor-
responding to the radius varies from 48 to 304. Therefore, the radius is
approximately from 2 mm to 12 mm, corresponding to the angular ve-
locity distribution from 0.05 rad/s to 1 rad/s. So that, the corresponding
velocity range is approximately 0.1 mm/s to 12 mm/s, which has a wide
range and continuity, and is of significant for model training.

The above 92,160 experimental data of the rotating scattering plate
is, then, divided as a data set. The division ratio of Training Set vs Ver-
ification Set vs Test Set is 7:1:2.
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Table 2

3D-CNN Parameter configuration.
Layer Type Configuration
— Input Size:32 x 32 x 15
1 C1 Kernel size:3 x 3 x 5;Activation function:Relu;Output dimensions:32
2 P2 Pooling size:2 x 2 x 2
3 C3 Kernel size:3 x 3 x 5;Activation function:ReLU;Output dimensions:64
4 P4 Pooling size:2 x 2 x 2
5 C5 Kernel size:3 x 3 x 3;Activation function:ReLU;Output dimensions:128
6 F6 Input dimensions:128;0utput dimensions:1

Table 3

Parameters of 3D-CNN prediction process.

Layer Input C1 P2 C3 P4 C5 F6
Kernel size(F) — 3x3x5 2X2x%x2 3Xx3x5 2X2x2 3x3x3 —
Padding(P) — I1x1x1 Ix1x1 Ix1x1 Ix1x1 I1x1x1 —
Stride(S) — 1 2 1 2 1 —
Feature map size 32x32x15 32x32x13 17x17x7 17x17x5 9x9x 3 9x9%x3 1
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Fig. 8. 3D-CNN prediction process.

3.3. CNN-LSCI model

The 3D-CNN network based on Pytorch proposed in this paper has six
layers, the first layer is convolution layer C1, which directly accepts the
input speckle data and uses a convolution kernel of 3 x 3 x 5; The second
layer is the maximum pool layer P2, and the pool core is 2 x 2 x 2; The
third layer is the convolution layer C3, using a convolution kernel of
3 x 3 x 5; The fourth layer is the maximum pooling layer P4, the pooling
core is 2 X 2 x 2, and the fifth layer is the convolution layer C5, using a
convolution core of 3 x 3 x 3; The sixth layer is the fully connected layer
F6, which reconstructs the 3D characteristic map output from C5 into
a single velocity data, with an input dimension of 128 and an output
dimension of 1. The convolution layer activation function of this model
is Relu function. The optimizer uses Adam to accelerate the convergence
speed. The batch size is 32, the initial learning rate is 0.001, and the
loss function is MSE function. It is used for model training and testing
of 1000 iterations. The parameter configuration of 3D-CNN is show in
Table 2 and the lower right part of Fig. 7. MSE and MAPE are used as
evaluation indicators, and the formula is as follows:

MSE=Y (yi—5,)"/m )
i=1

MAPE = 100% x Z|(y[—y})/y;‘/n ©)
i=1

3.4. Model evaluation

In order to test the prediction performance of this 3D-CNN model,
we used the speckle image when the sliding window moved to the posi-
tion 97-128 as the prediction data, as shown in Fig. 3(d). This position
is basically in the middle of the whole speckle, and the corresponding
radius is about (97 + 16) x 0.037 = 4.2 mm. The linear velocity under
this radius varies moderately with the angular velocity and the overall
coverage is wide, which is 4.2 x 0.047 ~ 4.2 x 0.952 = 0.2 mm/s ~
4.0 mm/s, a total of 10 velocities, as shown in Table 4. It covers the
typical range of human blood flow velocity [29].

The prediction process of 3D-CNN model for each dynamic map is
shown in Fig. 8. The size of each feature map can be obtained from

Eq. (7), and the parameters are shown in Table 3.
N=(W-F+2P)/S+1 @

Where N is the output size, W is the input size, F is the convolution
kernel size, P is the padding size, and S is the stride.
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Fig. 9. 3D-CNN training monitoring curve, the enlarged window shows the convergence results of 3D-CNN after early stopping.

Table 4

Actual velocities and CNN prediction velocities of LSCI image.

Num 1 2 3 4 5 6 7 8 9 10
Actual velocity (mm/s) 020 044 088 133 178 222 267 311 356 4.00
Predicted velocity (mm/s) ~ 0.25 054 096 141 176 217 256 291 345 3.85
First, the speckle 3D pixel value matrix with a size of 32 x 32 x 15 4 ‘ T T T ‘ ":
are input into the 3D-CNN model and gradient extraction is performed;
Second, the convolution kernel of 3 x 3 x 5 is used for feature extraction, 35 *= Predicted velocity 1

and the filling is set to 1 and the step size is set to 1 to obtain a feature
image of 32 x 32 x 13; Third, the maximum value pooling is performed.
The pooled kernel size is 2 x 2 x 2, the step size is 2, and the filling is set
to 1 to obtain a characteristic image of 17 x 17 x 7; Forth, performing
the same convolution and pooling again; Fifth, the convolution kernel
of 3 x 3 x 3 is used for feature extraction, and the filling is set to 1 along
with the step size 1 to obtain a feature image of 9 x 9 x 3.

Finally, a one-dimensional data is obtained by reducing the dimen-
sion of the feature image through the full connection layer, that is, the
predicted value of the velocity.

4. Results

The result of 3D-CNN trained with experimental data of rotating
scattering plate is: MSE = 0.33, MAPE = 0.34. The monitoring curve
of loss during training is shown in Fig. 9. It can be seen that the model
has converged within 50 epochs. Therefore, the enlarged window in
Fig. 9 shows the result after adding the early stop algorithm due to fast
convergence, the epoch stays at 26, Loss still converges to 0.33. Each test
data is a 15-frame speckle image with a fixed exposure time of 10.4 ms.

The prediction results of the 3D-CNN model for the ten velocities
(0.2-4 mm/s, step is 0.445 mm/s) covering the typical blood flow ve-
locity range of human body (0-2 mm/s) are shown in Table 4. The com-
parison curve between the predicted velocities and the actual velocities
are shown in Fig. 10.

The correlation coefficient is used for evaluation, and the result is
R = 0.98, which is highly correlated. The formula is as follows:

pXY = Cou(X,Y)//[DOOID(Y)] ®

It can be seen from Fig. 10 that there is a small error between the pre-
dicted velocity and the actual velocity. The smallest error is presented

—&— Actual velocity

Velocity (mm/s)
B o o

-
T
L

0.5 g
) . s . ‘ . . . s
1 2 3 4 5 6 7 8 9 10
Number
Fig. 10. Comparison curve between 3D-CNN predicted velocity and actual ve-
locity.

when the velocity is 1.78 mm/s and 2.22 mm/s. The correlation with
the actual speed reaches 0.98.

In order to further measure the prediction performance of 3D-CNN,
we used the traditional single exposure LSCI and the MELSCI to calcu-
late the velocities of the above 10 speckle dynamic maps and compared
with the prediction results of CNN-LSCI. LSCI obtained the velocity by
calculating the contrast of a single frame image. MELSCI used the orig-
inal speckle image of 1024 frames to obtain the contrast of multiple
exposure times (0.064 ms, 0.128 ms, 0.256 ms, 0.512 ms, 1.024 ms,
2.048 ms, 4.096 ms, 8.192 ms, 16.384 ms, 32.768 ms, 65.536 ms), and
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Fig. 11. Ten velocities of LSCI, MELSCI and CNN-LSCI.

then fitted the velocities by the trust-region-reactive algorithm. It can
be seen that the results of traditional LSCI are greatly underestimated
and seriously deviate from the actual velocity (as shown in Fig. 11).
MELSCI shows high measurement accuracy, and it is almost linear with
the actual velocity. However, the fitting process was performed offline.
CNN-LSCI realizes a linear measurement within less time consumption
in comparison to MELSCI.

5. Conclusion and discussion

This paper proposes a laser speckle-based velocity prediction method
using machine learning. Three-dimensional convolutional neural net-
work (3D-CNN) is, for the first time to our knowledge, applied to LSCI
for velocity prediction. The spatio-temporal features of 15-frame speckle
images are extracted by 3D convolution kernel to setup the CNN-LSCI
model. This model is trained and evaluated by using experimental data
of rotating diffuser. The accuracy of the CNN-LSCI is demonstrated at
ten phantom velocities (0.2-4 mm/s) covering the typical blood flow
velocity range.

This study compared the performance among CNN-LSCI, traditional
single exposure LSCI and MELSCI. The results show that CNN-LSCI
can predict phantom velocities in high accuracy that is comparable to
MELSCI. Nevertheless, fixed exposure time and less used frames make
it implemented easier as single exposure LSCI.

In terms of data set, there is also a scheme to use Monte Carlo sim-
ulation data for Al modelling. However, the simulation data rarely take
account the noise introduced by optics and imaging system. The data
used in this study is captured by the target system in practice. There-
fore, both instrument noise and optical noise introduced during imaging
can be eliminated by the “black box”. As a result, the model is more ro-
bust and accurate.

In this study, 15 frames are selected as the best frame number for
feeding the model. This number is Al structure dependent and verifies
with the configuration parameters, such as convolution kernel size, con-
volution layers, etc. In the rotating diffuser experiment, 1024 continues
frames at each spinning speed were captured. This forms a relatively
huge dataset (more than 10 million data), providing flexibility of ex-
ploring different Al structures or configurations.

Other models such as RNN (Recurrent Neural Network) and ANN
(Artificial Neural Network) have demonstrated great advantages in ex-
tracting features from time series [30,31]. However, these methods
can only extract the time features represented by a single pixel be-
tween speckle motion picture frames. In fact, the data bundle based

Optics and Lasers in Engineering 166 (2023) 107587

on 15 frames contains both temporally interreacted pixels and spa-
tially interreacted pixels. In light of the 3D convolution, the 3D-CNN
employed in this paper can extract both of the spatial and tempo-
ral features of the input speckle dynamic map, making full use of
the pixel information. Consequently, more comprehensive relations be-
tween the speckle image and the corresponding velocities have been
mined.

It can be seen from Fig. 10, overestimations happened at low speed.
However, the velocity is slightly underestimated when the speed is high.
This means the CNN-LSCI model is relatively less sensitive to small ve-
locity and high velocity. To overcome this, the model can be trained
in wider velocity range and operated at narrower range. The sensitivity
could also be increased by using the data with multiple exposure times
which covers larger detectable velocities. Different configurations and
other Al models are also worth to explore further to make any improve-
ments.

It is worth noting that the CNN-LSCI model is only verified with
phantom data. A few steps are demanded to make it applicable to blood
flow imaging.

1) Reconstructing the CNN-LSCI model with suitable laser source.
In this study, the wavelength of the laser is 532 nm which is not
suitable for blood flow measurement. Replacement of a red or
near infrared laser source (650 nm ~ 850 nm) will be taken in
the future.

Utilization of cross polarizers. For the rotating diffuser used in
this study, a large percentage of light that collected by the sys-
tem is scattered from the static diffuser. As a result, the spatial
variances include both dynamic scattering and the light scattered
from the stationary surface, resulting large bias (variations) when
constructing the CNN-LSCI model. For the human tissue where
smaller percentage of static scattering present, a cross polarizer
could be applied to reduce the surface reflections (light scattered
from static scattering). This could further improve the CNN-LSCI
model in terms of immunity to surface reflections (optical noise).
Performing transfer learning to finalize the CNN-LSCI model for
in vivo measurement. In consideration of the differences between
the phantom and human tissues in terms of optical paths and
light transfer properties, the performance of the CNN-LSCI model
may verify when applied to measure blood flow. This could be
eliminated by performing transfer training with golden standard
reference (e.g. laser Doppler blood flowmetry).

2

—
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Details will be presented in our future works and publications.
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